Abstract: Formal models of status construction theory suggest that beliefs about the relative social worth and competence of members of different social groups can emerge from face-to-face interactions in task-focused groups and eventually become consensual in large populations. We propose two extensions of earlier models. First, we incorporate the microlevel behavioral assumption of status construction theory that people can become resistant to belief change when a belief appears consensual in their local social environment. Second, we integrate the insight that the macro-level social structure of face-to-face interactions in large populations often is a clustered network structure. Computational experiments identify an outcome that was not anticipated by earlier formalizations. The combination of network clustering at the macrolevel and resistance to belief change at the microlevel can constrain the diffusion of status beliefs and generate regional variation in status beliefs. Further experiments identify conditions under which this outcome obtains.
T HE social groups that people belong to can affect the status that others ascribe to them. In the United States, for example, whites are often more respected and viewed as more competent than blacks (Feagin 1991; Steele and Aronson 1995) , whereas in Hungary, members of the Hungarian majority are often more respected and viewed as more competent than members of the Roma minority Neményi 2007 ). Status differences have important implications for social inequality. High-status individuals often fare better in the educational system and have better chances on the labor market (Foschi, Lai, and Sigerson 1994; MossRacusin et al. 2012; Schmader 2002; Steele and Aronson 1995) , frequently are in better health, report higher subjective well-being (Anderson et al. 2012; Fournier 2009; Ghaed and Gallo 2007; Huo, Binning, and Molina 2010; Tay and Diener 2011) , and tend to have a higher life expectancy (Marmot 2004) than lower-status individuals. Social scientists therefore have a long-standing interest in explaining how social distinctions attain status value.
Traditionally, sociologists have assumed that individuals attain status through the use of valuable resources as a currency in exchange for respect and deference (e.g., Blau 1964; Goode 1979 ). Applied to the population level, this explanation implies that status differentiation between social groups is the result of systematic resource differences between them. In the case of gender, for example, it has been argued that certain religious beliefs, inheritance practices, and modes of production create social structures in which resources and power become concentrated among men, thereby leading to differences in the worth attributed to the different sexes (Hendrix and Hossain 1988; Sanderson, Heckert, and Dubrow 2005; Stover and Hope 1984) . Similarly, differences in the modes of production and inheritance customs across societies have been assumed to create variation in the resources and power that the elderly control. This might partly explain why older people have low status in some societies but high status in others (Balkwell and Balswick 1981; Ishii-Kuntz and Lee 1987) .
More recent research based on status construction theory (SCT) has described processes that might lead to status differentiation between social groups, even in the absence of any systematic resource and power differences between them (Grow, Flache, and Wittek 2015; Mark, Smith-Lovin, and Ridgeway 2009; Ridgeway 2000; Ridgeway and Correll 2006) . SCT focuses on interactions in small groups with a collective task focus (e.g., work teams, student learning groups, and neighborhood organizations) as building blocks of society. It holds that such groups can spontaneously develop hierarchies of influence and deference, in which some individuals are perceived as more respected and more competent than others. When such differentiation occurs consistently between members of different social categories, even if only by accident, individuals can come to believe that the social distinction is generally associated with differences in respect and competence. Once emerged, such beliefs can diffuse throughout the population because people carry them into new interaction contexts, treat new interaction partners accordingly, and thereby create hierarchies that teach their beliefs to others (Ridgeway 2000) . Indeed, modelling work by Mark et al. (2009) formalizes this intuition and shows that status beliefs have a strong tendency to emerge and to diffuse widely under minimal assumptions about the microprocess of hierarchy formation and belief diffusion. This result obtains even in the absence of systematic resource differences between the members of different social categories. Mark et al.'s (2009) formal argument that status construction processes are a potent force in the creation of status differentiation is intriguing and sheds new light on possible sources of social inequality. However, their analysis did not incorporate a central assumption of SCT. Mark et al. (2009) assumed that a single interactional experience with members of a different social category is sufficient for people to acquire a new status belief or to lose an existing belief if a new experience contradicts it. By contrast, SCT holds that people consider multiple experiences and that belief acquisition and maintenance depend on how consensual individuals perceive a given belief in their social environment (Ridgeway 2000; Ridgeway and Correll 2006) . That is, although people might adopt a given belief from an experience they make in a local interaction context, they are unlikely to maintain this belief if it is not reinforced in subsequent interactions that make it appear consensual in their social environment. Once a given belief appears consensual, people can then become resistant to changing it, even in the light of occasionally disconfirming evidence. We propose here an extension of Mark et al.'s (2009) model that incorporates these processes of reinforcement in belief acquisition and maintenance. As we will show, this extension gives rise to an intriguing micro-macro interaction. Even under the assumption that locally established status beliefs become resistant to change (from here on also called belief inertia, for short), Mark et al.' status beliefs eventually become globally consensual can be obtained. However, it turns out that this is no longer the case if we also relax a crucial assumption they made about the macrostructural pattern of social relations in a population. Next to assuming that people only consider a single interactional experience in belief acquisition and loss, Mark et al. (2009) assumed complete and unstructured interaction networks in their actor populations so that interactions between any two members of the population were equally likely at any point in time, regardless of the size of the population. In reality, people tend to interact only with a small subset of a large population, typically with others who are connected within the same local cluster of network ties (e.g., Davis 1970; Faust et al. 1999; Festinger, Schachter, and Back 1950; Granovetter 1973; Watts 1999; Wong, Pattison, and Robins 2006) . Related simulation studies have shown that such network clustering can impose powerful constraints on how fast and widely social objects such as information, opinions, cultural traits, and reputations diffuse throughout society (e.g., DellaPosta, Shi, and Macy 2015; Macy 2011a, 2011b; Parisi, Cecconi, and Natale 2003) . This is especially the case if the adoption of such objects requires reinforcement from multiple adopting neighbors (Centola and Macy 2007) .
We expect that network clustering will have a similar effect on the diffusion of status beliefs under our extension of the microprocess of status belief diffusion. Network clustering creates dense local interaction structures that can quickly diffuse any incidentally created belief among the members of local communities. This results in a social reality that renders the belief highly consensual within a community. If belief acquisition and maintenance require some consensus in peoples' immediate social environment, the emergent local consensus can, in turn, ward off potential influence from less frequently occurring interactions with members of other communities in which different beliefs might have emerged. As a consequence, in different local regions of the network, different status beliefs emerge and persist without becoming consensual in the wider population. Yet this can only happen if people are resistant to changing beliefs that appear consensual in their social environment. Network clustering in itself is not sufficient to prevent status beliefs to diffuse and become widely accepted in the larger population; it needs to be accompanied by the extension of the microprocess of status belief diffusion we propose here.
Taken together, we suggest that the processes that SCT describes not only lead to the emergence of widespread consensus in status beliefs, as suggested by Mark et al. (2009) . They can also lead to the emergence of persistent diversity in status beliefs if network clustering and belief inertia are considered jointly. In the remainder of this article, we extend the model of Mark et al. (2009) to incorporate network clustering as a new macrolevel condition and belief inertia as a new microlevel behavioral assumption. In reality, there can be multiple factors that lead social networks to be clustered. For simplicity, in developing our model, we focus on the constraints that spatial distances impose on interactions between people as one of the most important sources of network clustering in large and geographically distributed populations. As we will argue, these spatially clustered networks exhibit structural features that are found in many empirical social networks. To show the logical consistency of our argument, we submit the new model to computational experiments, in which we illustrate how the changes that we propose affect the belief diffusion process separately and jointly. We start with presenting the central premises of SCT, discussing properties of spatially clustered network structures, and arguing in detail how these properties affect the diffusion of status beliefs when they are combined with belief inertia. Subsequently, we describe the model and present the results of our simulation experiments. We close with discussing the implications of our work for future research. In particular, we discuss how our results might change if future research would also consider other sources of network clustering next to spatial distances.
An Informal Theoretical Account

SCT's Behavioral and Cognitive Assumptions
SCT is part of the expectation states framework (Berger et al. 1977; Berger, Wagner, and Webster Jr. 2014 ) that centers on the emergence of status differentiation in groups with a collective task focus. Collective task focus means that group members perceive the successful completion of some important task as the primary purpose of their membership in the group and that success can only be accomplished through teamwork. Within the expectation states framework, SCT describes social processes by which salient social distinctions can become sources of status (i.e., attain status value) that shape hierarchies and interaction patterns in task-focused contexts.
Research in SCT usually focuses on social distinctions that create at least two mutually exclusive categories that are easy to discern during face-to-face interaction (e.g., sex and race). The status value of such distinctions is determined by the distribution of status value beliefs (or simply status beliefs) in a population (Ridgeway 1991) . Status beliefs are assumptions that "associate greater social esteem and competence with people in one category than with those from another" (Ridgeway et al. 2009:44) . A distinction has attained status value when the widespread belief exists that members of one category are relatively more respected and competent than members of the other category (Ridgeway and Balkwell 1997) . Gender, for instance, has status value in populations in which men are widely believed to be more respected and competent than women. SCT argues that interactions between members of different social categories in task-focused groups can spontaneously create, reproduce, and diffuse status beliefs. Three assumptions of SCT are central to this. Our discussion of the first two assumptions is in line with that by Mark et al. (2009) . With our third assumption, we build upon but extend the way Mark et al. (2009) model belief acquisition and belief loss and put stronger emphasis on the importance of perceived consensus for belief formation and maintenance.
First, the status hierarchy emergence assumption holds that task-focused groups tend to quickly develop hierarchical differences in respect and influence in their efforts to reach their collective goals (e.g., Bales 1970) . The reason is that in such groups, individuals act "as if one of the[ir] subtasks is to decide who has high and who has low ability at the [collective] task-thus to take advantage of high ability members and not to be misled by low ability members" (Driskell Jr. 1982:232 exist, the group's hierarchy in terms of respect and influence will quickly reflect assumptions about relative competence (Ridgeway 1991) . Competence cues do not always reflect actual competence differences (Webster and Hysom 1998) . Confident behavior, for instance, is often assumed to indicate knowledge and competence. Individuals who act in a confident manner are therefore frequently perceived as more competent, even when their contributions are qualitatively not different from contributions made by individuals who act less confident (cf. Carli, LaFleur, and Loeber 1995) . Thus, hierarchies can emerge even when there are no objective bases for status differentiation. Second, the status belief effect assumption holds that in socially differentiated interactions, status beliefs can affect assumptions about respect and competence. For example, when men and women interact in a small group setting and some individuals believe that women are generally more respected and competent than men, they will be more attentive to and accepting of the suggestions of female group members. This makes it likely that hierarchies of respect and influence emerge that reflect the belief that females are more respected and competent than males (for an overview of research on this phenomenon, see Wagner and Berger [2002] ).
Third, the perceived consensus and belief change assumption holds that the observation of hierarchical differentiation between particular members of different social categories can induce beliefs about the respectability and competence of members of the categories in general. That is, individuals tend to infer respect and competence from hierarchical differentiation in face-to-face interaction (Ridgeway 2000) . When such differentiation coincides with differences in a social distinction, there is a chance that people "misattribute" (Webster and Hysom 1998:357) apparent worth and competence differences to differences in the characteristic. The likelihood that this happens depends on the consensus in the mutual respect and competence evaluations that individuals perceive (Ridgeway 2000; Ridgeway and Correll 2006) . Using Ridgeway's words:
[. . . P]eople take on status beliefs from interaction because of the appearance of consensus in a local situation that makes an enacted correspondence between people's nominal differences and [. . .] competence appear to be a valid social fact. Subsequent encounters that confirm this status belief [. . .] broaden the appearance of consensus about the status belief. As the appearance of consensus is validated across contexts and actors, the belief becomes part of the actor's accepted social framework. (Ridgeway 2000:99) Thus, the observation of hierarchical differentiation in a particular context can create status beliefs because it conveys the impression of consensual agreement in the mutual evaluations of the involved interactants. For these beliefs to be maintained, subsequent encounters with different individuals in different contexts need to sufficiently back up the perceived consensus. Once a belief appears largely consensual, a small number of deviating experiences are unlikely to undermine it (Ridgeway 2000) .
Interactions and Network Clustering
SCT highlights the importance of face-to-face, goal-oriented interactions for belief emergence and diffusion. A large body of research on the structure of social networks suggests that such interactions do not occur at random between any two members of a population, especially if the population is large. Instead, interaction patterns tend to be clustered. This means that people mainly interact with a small subset of the larger population, and members of these subsets tend to be highly interconnected with each other. This gives rise to local communities (or clusters) in the network, within which people tend to be highly interconnected but that are typically loosely connected to other communities (Watts 1999; Wong et al. 2006) .
Network clustering can have many reasons. One important source for network clustering is the constraints that physical distances impose on meeting opportunities (e.g., Faust et al. 1999; Festinger et al. 1950; Mok, Wellman, and Basu 2007; Preciado et al. 2012; Sailer and McCulloh 2012; Wong et al. 2006) . Interacting face-to-face with somebody who lives far away often requires costly and time-consuming travelling. Yet people's resources and time budgets are limited, and this has the effect that most of their interactions take place with people who live in close physical proximity. As a result, interaction networks tend to be clustered in physical space, so the people who live in a given geographic region share more ties among each other than with members of other geographic regions. Spatial distance has been found to matter even in the organizational context, in which arguably most everyday goaloriented interactions take place. For instance, spatial distance negatively affects the likelihood that collaboration occurs between individual scientists, companies, and companies and universities (Balland 2012; Hoekman, Frenken, and Tijssen 2010; Katz 1994; Ponds, Van Oort, and Frenken 2007) . Similarly, individuals often encounter coworkers who live in the same geographic area (cf. Niles and Hanson 2003) . This can be attributed to limits in the time that most people are willing to commute every day (cf. Rouwendal 1999) .
Constraints on network formation that foster network clustering are not only geographical but also social in nature. Network research has identified at least three important processes that promote network clustering. First, transitive closure, the tendency of people to close triads in social networks, has been derived from social balance theory (Cartwright and Harary 1956; Heider 1946 ) and shown to entail the clustering of network relations. Transitive closure characterizes the structure and dynamics of networks in many contexts (e.g., Faust 2007) . Second, foci (Feld 1982) , like schools, neighborhoods, or workplaces, often systematically sort similar people into similar contexts where they are likely to interact more with each other than with those outside of this context. Finally, homophily (Lazarsfeld and Merton 1954; McPherson, Smith-Lovin, and Cook 2001) , the principle that people more likely interact and communicate with similar others, has been identified as one of the most prevalent regularities of social life. Homophily may result from structural processes (like foci) or from a stronger attraction to more similar others (Byrne 1971 ) that leads similar people to preferentially seek each other as partners of interaction (e.g., Pearson, Steglich, and Snijders 2006; Stark and Flache 2012) . In both cases, homophily fosters clustering of network relations among subsets of relatively similar individuals.
The extent to which social networks are clustered can vary across populations. For example, the effect that physical distance has on interaction patterns can vary. In highly developed countries, with a high density of car ownership and public transportation, it is easier to cover a distance of 10, 100, or more miles than in less developed countries, in which walking is the main mode of transportation for a large part of the population (cf. Mok et al. 2007 ). Moreover, the accessibility of communication infrastructures, such as internet and telephone networks, can differ substantially between societies (cf. World Bank 2017). Similarly, the extent to which social sources of network closure, such as transitive closure or homophily, affect the formation of networks depends on contextual conditions, such as the size or heterogeneity of groups or different social norms about friendship formation (e.g., Goodreau, Kitts, and Morris 2009).
Network clustering is therefore best conceptualized as a continuum. If clustering is low, any two members of a population are equally likely to maintain a tie with each other. If clustering is high, individuals are mostly connected to people who are connected to a similar set of the population so that tightly knit communities emerge. At intermediate levels, individuals are part of local communities but also maintain some ties with people who belong to other communities. Such long-ranging ties tend to create so-called "small-world structures" (Watts and Strogatz 1998) , in which most people are connected within local communities but still are indirectly connected to rest of the population through only a few steps in the network.
The Effects of Network Clustering on Status Construction
We expect that network clustering can constrain the diffusion of status beliefs and can even give rise to diversity in status beliefs if belief inertia is considered. Our expectation follows from a three-step process of belief formation and diffusion.
First, we expect that communities are likely to differ in the status beliefs that spontaneously develop among their members. The status hierarchy emergence assumption implies that by chance, a number of interactions in a given local community might put members of one social category in the status-advantaged position (cf. Mark et al. 2009; Ridgeway 2000) . The perceived consensus and belief change assumption holds that this experience might induce a corresponding status belief in at least some community members. If there are no systematic competence differences between members of the different categories, these chance processes will favor each category with equal probability (cf. Grow et al. 2015; Mark et al. 2009; Ridgeway 2000) . In large populations, many interactions take place simultaneously in different communities. It is therefore likely that members of one category are advantaged in some communities but are disadvantaged in others.
Second, we expect that a spontaneously created status belief is likely to induce consistent interactional experiences in the community in which it has been created and thereby will become consensual among community members. The status belief effect assumption holds that individuals are likely to treat their interaction partners in line with their status beliefs. In highly clustered communities, interaction networks are very dense. This means that as soon as at least some community members have acquired a status belief and treat others accordingly, many more community members will be exposed to similar interactional experiences in favor of one category. This creates the impression of consensus, even among those who have not acquired a corresponding belief yet. This, in turn, renders them likely to actually acquire the belief and ultimately leads to widespread consensus in the community.
Third, we expect that once an actual consensus on a status belief has been reached among the members of a local community in the network, this consensus is likely to ward off influence from interactions with members of other communities in which alternative status beliefs might have merged. The perceived consensus and belief change assumption holds that status beliefs are maintained as long as they are perceived as sufficiently consensual. When network clustering is high, interaction networks are dense within communities but sparse between communities. As a consequence, once a status belief actually has become consensual in a given community, members of this community will be repeatedly exposed to the same interactional experiences. This is likely to reinforce the impression of consensus, which, in turn, can ward off social influence from occasional interactions with members of other communities, in which other status beliefs might have emerged.
The foregoing process depends on the fact that people can become resistant to belief change if their current belief appears largely consensual in their immediate social environment. If a few (or even a single) contradicting experiences would be sufficient for people to lose a belief that appears largely consensual in their immediate social environment, it is unlikely that different locally consensual status beliefs could persist in different regions of the network, even if networks are clustered.
The Formal Model
In this section, we first describe the model proposed by Mark et al. (2009) and subsequently discuss our extensions.
The Original Model
The model consists of a population of I actors. Each individual actor i is characterized by a social distinction N i and a status belief S i . The social distinction has the two states A and B (N i ∈ {A; B}), representing a salient social characteristic with two categories, such as gender with the categories male and female or race with the categories black and white. These states are fixed and visible to other actors. The status belief has three states: A, O, and B (S i ∈ {A; O; B}). These states are flexible and can change over time, but they are not visible to other actors. When S i = A or S i = B, actor i believes that those with the corresponding state on N i are more respected and competent than actors with the respective other state; when S i = O, actor i does not believe that the members of the different categories differ in worth and competence.
Actors engage in small group interactions to reach collective goals. The model focuses on the dyad as the smallest possible group, and actors are randomly paired with another member of the population to engage in dyadic interaction. During any interaction, a hierarchy can emerge that puts one actor (say actor i) in a statusadvantaged (i.e., more influential) position, and the other actor (say actor j) in a status-disadvantaged (i.e., less influential) position. When the actors belong to the same social category so that they share the same state on N i , there is nothing that might favor either of the two actors to take the advantaged position. Still, in line with the status hierarchy emergence assumption, a hierarchy can emerge spontaneously with probability h (0 ≤ h ≤ 1). 1 If this happens, both actors are equally likely to take the status-advantaged or the status-disadvantaged position.
The situation is more complex when the actors belong to different categories, especially when one of the interaction partners believes that members of one category are more worthy and competent than members of the other category. Table 1 illustrates how S i and S j can combine in dyads whose members differ in N i . It also shows the probabilities with which different types of status hierarchies can emerge. Consider first situations in which either i or j holds a status belief, whereas the respective other actor holds no belief, or in which both actors hold the same belief (cells 1, 2, 4, 6, 8, and 9 in Table 1 ). In these cases, at least one actor is assumed to be more respectable and competent than the other by at least one member of the dyad, whereas the other member of the dyad holds at least no contrary belief. In line with the status belief effect assumption, the model assumes that an opposition-free belief affects the interactions between the actors, so it is certain that a hierarchy emerges in which the actor who is advantaged by the belief will take the higher-status position. Consider next situations in which i and j hold no or opposing beliefs (cells 3, 5, and 7 in Table 1 ). In these cases, i's and j's beliefs do not unambiguously imply who is more respectable and competent and therefore should take the higher-status position. Yet, in line with the status hierarchy emergence assumption, the model assumes that nevertheless, a hierarchy might emerge between them with probability h. If this happens, both actors are equally likely to take the status-advantaged or the status-disadvantaged position.
In line with the perceived consensus and belief change assumption, interactions between members of the different categories of N i can lead to the emergence of status beliefs among the actors. Yet, in contrast with the perceived consensus and belief change assumption as outlined above, the process of belief emergence and maintenance as modelled by Mark and his coauthors only considers one interactional experience instead of multiple experiences. After each interaction between two actors who differ in N i , both actors update their status beliefs on the basis of the experience they have made with their interaction partner. For example, if the interaction would have been of the type shown in cell 4 of Table 1 , a hierarchy would have emerged that favored members of category A, and therefore it would have supported the belief S i = A because actor i belonged to this category and actor j believed that members of this category are worthier of respect and more competent than members of category B.
Actors consider such experiences in the following way. First, if at the beginning of an interaction actor i holds no belief (S i = O) but experiences a hierarchy in which a member of category A or B attains the higher-status position, i will acquire a corresponding status belief with probability a (0 < a ≤ 1). If no hierarchy emerges, the actor will not acquire any belief. Second, if at the beginning of an interaction 
Note: R i and R j represent the relative status rank that the actors have attained during their interaction. For example, if R i > R j , actor i was in the status-advantaged position and actor j was in the status-disadvantaged position. If R i = R j , no hierarchy has emerged.
actor i holds a belief (S i = A or S i = B) but makes an experience that contradicts this belief (e.g., no hierarchy emerges or a member of the category that i believes to be less respected and competent manages to attain the high-status position), the actor loses his or her current belief with probability l (0 < l ≤ 1). Third, if an actor makes an experience that is congruent with his or her current state on S i , S i remains unchanged. Note that interactions with actors who belong to the same category as i (N i = N j ) have no effect on i's beliefs. The reason is that even if hierarchies might form in such interactions, they cannot provide any information about the competence of the members of the different social categories.
Model Extensions
Our first adjustment of the model concerns the way in which actors are selected for interaction. In the original model, actors are randomly paired with other members of the population to engage in goal-oriented, dyadic interaction. However, this is in contrast with the empirical observation that interactions often occur in clustered network structures. Here we impose such a structure on the actor population. We adapt a network-generation algorithm proposed by Wong et al. (2006) for our purposes to systematically vary network clustering. In this algorithm, variation in spatial clustering of social relations is considered the most important source of network clustering, especially in large, geographically distributed populations. As Wong et al. (2006) showed, their method implies that spatial clustering is closely tied to network clustering, and the generated networks also exhibit further structural properties generally observed in empirical social networks. We can thus consider these spatially clustered networks as a more general model of clustered social networks.
Following Wong et al. (2006) , our method assumes that actors are located in physical space and are embedded in a social network structure that is affected by the spatial distances between them. This network determines which actors can engage in dyadic interactions with each other, so only those who share a tie can interact. Technically, we create the network structure in a simple two-step process. In step one, we randomly assign actors a place of residence on a plane of size W × W. In step two, we generate a binary, undirected network among the actors, in which a given pair i and j can either share a tie (x ij = 1) or not (x ij = 0). To establish the network, actors are selected one at a time (without replacement) to choose a number of k ∈ {1, 2, · · · , 0.5(I − 1) } other actors to whom they are not connected yet for establishing a tie. The likelihood that actor i will select actor j from the set of available alternatives depends on the Euclidian distances between their places of residence (d ij ) and is proportional to the value of the spatial distance function f y, d ij over all available alternatives. This function is defined as
in which y (0 ≤ y ≤ ∞) governs the effect that spatial distance has on the probability that actor i selects actor j for establishing a tie. For a given level of k, when y = 0, the network has a random structure that is not associated with spatial distances between the actors and that does not show any clustering. Increasing y reduces the average distance that ties cover. This means that network clustering typically increases as y increases because actors who live close to each other will increasingly be connected to the same set of other actors who also live close by. Figure 1 illustrates this for the parameter combination k = 5 and y = 8, which we use in our simulation experiments (see details below). 2 More generally, our network construction method imposes a close link between network clustering and the value y, as we show in detail in the online supplement, both for the overall networks we generate and for their subnetworks that contain only the links between agents who belong to different categories. Our second adjustment concerns the way in which actors consider their interactional experiences with those who differ from them in N i when they update their status beliefs. In the original model, actors update their beliefs after each interaction with a member of a different category and only consider their experience during this interaction. We extend this implementation to incorporate that people consider multiple experiences with different others and only adopt and maintain a given belief when they have the impression that it is consensual in their social environment. We implement this notion by endowing actors with a memory M i that contains information about their most recent experiences with all members of the opposite category with whom they have interacted so far. For example, imagine that actor i belongs to category A and has interacted with the actors j, o, and p who belong to category B. Imagine further that i's last interactions with j and o supported the belief B, whereas the last inaction with p did not support any belief. Hence, M i is filled with three elements so that M i = {B; B; O}. These experiences are sorted by the interaction dyad to which they pertain, so the first element refers to i's last interaction with j, the second to the last interaction with o, and the third to the last interaction with p. This implies that the length of M i increases if i interacts with somebody with whom he or she has never interacted before. Existing experiences remain unaffected if i interacts with somebody new, but they can be updated by new experiences with past interaction partners (e.g., the third element in the above example might change if i interacts again with p).
As in the original model, actors update their status beliefs after each interaction with somebody who differs from them in N i . During this update, they use the information in M i to determine which belief appears most consensual in their environment. If they currently hold no belief (S i = O), they adopt the belief S i = A or S i = B with probability a when either A or B accounts for the majority (i.e., >50 percent) of their experiences. If they currently hold a belief (S i = A or S i = B), but their experiences in support of this belief do not account for the majority of all their experiences in M i anymore, they lose this belief with probability l. For example, when M i = {B; B; B; A}, the belief S i = B appears consensual from i's point of view. Hence, if the actor currently holds no status belief, he or she will acquire this belief with probability a. By contrast, if M i = {B; B; O; A}, the belief S i = B would not appear sufficiently consensual and i would lose this belief with probability l if he or she currently held it. Thus, as in the original model, actors do not directly communicate their beliefs to each other. Instead, actors are influenced by the degree of consensus that exists in their network neighborhood via the interactional experiences with their network neighbors because every experience results not only from a given actor's own beliefs but from the combination of the beliefs of both partners involved in the interaction.
Note that if actors have so far interacted with only one other actor who differs from them in N i , their memory will contain exactly one element. Hence, in line with the assumptions of SCT, interactional experiences in a given local context might induce a status belief, but for this belief to be maintained, subsequent interactions need to support it. Once an actor has made many congruent experiences, a single disconfirming experience is not enough to undermine an existing belief. Note also that, as in the original model, actors who currently hold a status belief that is not sufficiently supported anymore always need to transition through S i = O before they can adopt a new belief.
Analytical Approach
Mark et al. (2009) modelled status belief dynamics with a system of difference equations, determining expected long-run behavior of their system with an analytical solution. Their model implies that there are only two possible outcomes in the long run: either all members of the population adopt the belief A or all members adopt the belief B. 3 This approach tends to become intractable when heterogenous network structures need to be considered (Gilbert 2008; Macy and Flache 2009; Van Bavel and Grow 2016) . To address this problem, we relied on agent-based computational modelling, which can accommodate heterogenous network structures more easily. For this, we have implemented the model in computer code and let populations of artificial actors interact with each other according to the rules outlined above. We have implemented the model in NetLogo, version 6.0.1 (Wilensky 1999) . The model code can be obtained from https://www.openabm.org/model/5493, together with a more technical model description.
To assess our main argument, we added our different model adjustments in a stepwise fashion and explored how each addition affected model outcomes. That is, we started with a simulation in which we replicated the model of Mark et al. (2009) . This served as a baseline and made it possible to assess whether the conclusions that we can draw from our computational model are consistent with the conclusions of Mark et al.'s (2009) difference equation model. Next, we added belief inertia to explore how it affects model outcomes on its own. Finally, we added network structures to the model and varied the level of network clustering to see how it interacts with belief inertia.
Throughout our main simulation runs, we assumed that there were 250 actors who belonged to category A and 250 actors who belonged to category B. These actors inhabited a world of size 5 × 5 spatial distance units (W). At the beginning of a given simulation run, no actor held a status belief (i.e., S i = O for all actors). In the stepwise procedure described above, we fixed the likelihoods that hierarchies emerged spontaneously (h), that actors acquired beliefs (a), and that they lost beliefs (l) at an intermediate value of 0.5. To create clustered networks, we set the number of ties that actors established (k) to 5 and set the spatial distance effect (y) to 8 when network structures with clustering were considered. We also considered networks that were unaffected by spatial distances, for which we employed k = 5 and y = 0. In two additional sets of simulation runs, we assessed whether our results might depend on the precise parametrization of the model. In particular, we assessed how much our results depended on the values of h, a, and l, and we also assessed how much our results depended on precisely how much consensus actors needed to perceive in their social environment to acquire beliefs and to become resistant to belief change. We describe the details of this sensitivity analysis after the results of our main analysis.
A given simulation run started with initializing the actor population and establishing the interaction network among them if a network was required. After this, the actors started to interact with each other so that they were selected one at a time to be paired with one of the other actors with whom they shared a tie (if there was a network) or with a randomly selected member of the population (if there was no network). During each such interaction, it was determined whether a hierarchy emerged between the actors. If the actors differed in their states on N i , they both updated their memory with the outcome of their interaction and got the opportunity to update their status beliefs on the basis of this. They were then unpaired and the next pair was selected for interaction. 4 Note that we assumed that network structures do not change over the course of a simulation run. Note also that during the network generation process, it was possible that by chance, at least one actor was not connected to somebody who differed from him or her in N i . Given that in the model interactions with members of a different category are the only source of status beliefs, we randomly rewired one tie of actors who did not have at least one network neighbor who differed from them in N i to another actor who differed from them in N i . On average, this happened for a small fraction (1.15/500 = 0.0023) of all actors included in the simulation runs that considered network structures. It was also possible that a network consisted of two or more components that were not connected to each other. In this case, beliefs can by definition not diffuse throughout the entire population. However, this situation never occurred in the simulation runs that underlie our results. Finally, if there was a network, the maximal length of actors' memory was determined by the number of actors who differed from them in N i and with whom they shared a tie. If there was no network, actors' memory could contain as many elements as there were other actors who differed from them in N i in the population given that they could potentially interact with each of them. Mark et al. (2009) showed analytically that in their model, situations in which all actors hold the belief S i = A or in which all actors hold the belief S i = B are basins of attraction. This means that once such a state has been reached, the belief configuration remains in the respective state because no actor can be induced to change his or her belief anymore. In our extended version of the model, it is also possible that the belief configuration reaches a stable equilibrium in which no actor can be induced to change his or her belief anymore. Yet, in contrast to Mark et al.'s (2009) model, such an equilibrium can be reached even when there is diversity in status beliefs, so some agents hold the belief S i = A, whereas others might hold the beliefs S i = B, or even hold no belief at all (S i = O). The reason for this is related to our main argument. Different status beliefs might emerge in different communities, and the interactions among the members of these communities might reinforce their beliefs so that they cannot be affected anymore by interactions with members of other communities in which different beliefs have emerged. For example, two actors i and j who can interact with each other and who hold different status beliefs (say, S i = A and S j = B) may nonetheless be unable to affect each other's beliefs if they are members of different communities whose members share their respective beliefs. In such a situation, the largest shares of i's and j's interactional experiences are likely to support the beliefs they already hold, and this will make them unable to influence each other. Ultimately, this has the effect that beliefs might not diffuse across the two communities if there are only few connections between them. To ensure that differences between our results and those reported by Mark et al. (2009) do no only reflect short-term differences that might vanish if the simulation runs are continued long enough, we have developed a formal test to assess whether a given model run had reached a stable equilibrium and let each run continue until it had reached such an equilibrium. When such an equilibrium was reached, actors' status beliefs could not change anymore, even if the simulation run would have continued much longer. In the online supplement, we discuss the formal equilibrium test in detail.
Finally, because of the stochastic nature of the simulation process, we conducted 50 independent simulation runs per condition and averaged outcomes over these runs. As we also show in the online supplement, this number of simulation runs was sufficient to obtain reliable results.
Outcome Measures
We used three measures to assess the extent to which status beliefs emerged and diffused throughout the actor populations and how much this diffusion was correlated with the network structure in which the actors were embedded.
The first two measures assessed whether status beliefs emerged and how widely they diffused. The first measure is the largest share (LS) of actors who either held the belief S i = A or the belief S i = B. We calculated this measure as
where #S i = A and #S i = B refer to the number of actors with the beliefs S i = A and S i = B, respectively. LS ranges from 0 to 1. The closer it comes to 1, the more widely a single belief has become adopted by the actors; the closer it comes to 0, the fewer actors have adopted any status belief (i.e., the more actors hold the state S i = O). Values in between indicate that diversity in status beliefs exists. The second measure built on LS and assessed whether in a given run a belief had sociological science | www.sociologicalscience.comemerged and had been adopted by all actors, which is indicated by LS = 1. We refer to this as complete diffusion (CD), meaning that CD = 1 when LS = 1 and CD = 0 when LS < 1. If our main argument is correct, the average values of LS and CD should decrease when network clustering and belief inertia are considered.
Our third measure assessed a different implication of our main argument. We contend that if actors are embedded in a network structure and if this structure is clustered, those actors who are linked with each other should have a higher likelihood of holding the same state on S i than actors who are not linked with each other. To assess how much having the same belief was associated with being connected or not, we adapted a network segregation measure developed by Moody (2001) . Moody (2001) was interested in assessing how similarity and dissimilarity in race affects the formation of friendship ties between pupils in U.S. school contexts. For this, he devised a segregation index that assessed whether pupils who belong to the same race are more likely to share a tie than pupils who belong to different races. In our case, we wanted to assess how the presence or absence of a tie between actors affected whether they held similar status beliefs. Hence, we adjusted Moody's (2001) measure so that it captures the degree to which actors who shared a tie were more likely to hold the same belief than actors who did not share a tie. We calculated this measure of network belief segregation (NBS) as
In Equation (3), the numerator focuses on the set of all pairs of actors who share a tie and measures the fraction of these pairs that hold the same state on S i . The denominator focuses on the set of all pairs of actors who do not share a tie and indicates the fraction that hold the same state on S i . NBS can take values between −∞ and ∞. A value of 0 is obtained if similarity in status beliefs is disassociated from the network structure. This can happen when there is population-wide consensus in status beliefs but also when different beliefs exist and are randomly distributed across the network. Values larger than 0 indicate positive belief clustering in the network, so actors who share a tie are more likely to hold the same state on S i than actors who do not share a tie. Values smaller than 0 indicate negative belief clustering in the network, meaning that actors who share a tie are less likely to hold the same state on S i than actors who do not share a tie. Negative belief clustering was unlikely to occur in our simulations. Evidently, NBS can only be calculated if actors are embedded in a network structure, and we thus report this measure only for conditions in which networks were present.
Furthermore, we also assessed the time it took a given simulation run to reach a stable equilibrium. For computational efficiency, we assessed convergence after every 20,000 dyadic interactions between actors (rather than after each such interaction). Hence, we measured the time to convergence (TTC) in the number of these assessment cycles. For example, a value of TTC = 3 indicates that a given run had reached a stable equilibrium after three assessment cycles, which corresponds to about 60,000 interactions among pairs of actors. 5 Table 2 shows the outcomes of our main simulation experiment. It displays the share of runs in which status beliefs had emerged and diffused throughout the entire population (CD), the means and standard deviations of our measures of how widely beliefs had diffused exactly (LS) and how much similarity in beliefs was associated with being linked in the network (NBS), and the means and standard deviations of the number of assessment cycles it took the simulation runs to reach a stable equilibrium (TTC).
Results
Results of the Main Experiment
The version of our model that replicates the assumptions of Mark and his coauthors also replicates their main result. In the condition in which actors only considered a single interactional experience (i.e., no belief inertia possible) and interactions could occur between any two population members (first row of Table 2) , the simulation runs always ended in a situation in which a status belief had emerged that was held by all actors in the population; on average, this occurred after about 1 cycle of 20,000 dyadic interactions (TTC = 1.02). This is evidenced by the fact that the average values of both CD and LS were 1. This did not change when we introduced belief inertia (second row of Table 2 ) or when actors were embedded in a (clustered) social network structure (third and fourth row of Table 2 ), albeit the average time that it took the simulation runs to reach a stable equilibrium increased, especially when belief inertia was not possible and network structures were present but not clustered (fourth row of Table 2 , TTC = 321.04). 6 Thus, as expected, neither of our changes at the microlevel and the macrolevel of the original model were able to affect the ultimate outcome of the belief diffusion process on its own, even though it took the diffusion process much longer to generate this outcome, especially when it occurred in network structures.
The results changed drastically when belief inertia was possible and when actors were at the same time embedded in social network structures. Consider first the situation in which there was a network that was not clustered (fifth row of Table 2 ). In this condition, only about 28 percent of the simulation runs had ended in a situation in which a status belief had emerged and diffused throughout the entire population (CD = 0.28). On average, the largest share of actors who held the same state on S i was about 0.73 in this version of the model (LS = 0.73), meaning that some diversity in status beliefs emerged and persisted in the actor populations. This diversity was not much correlated with the network structure given that NBS was 0.14 (rather low). This changed when networks were clustered (sixth row of Table 2 ). In this condition, there was not a single run in which a belief had emerged and diffused throughout the entire population (CD = 0). Correspondingly, the average share of agents that held the same state on S i decreased by about 15 percent to 58 percent (LS = 0.58). This larger diversity in status beliefs was also more strongly correlated with actors' positions in the social network structure, as is evidenced by an average NBS value of 0.52. For illustration, Figure 2 shows the outcome of a simulation run with network clustering in which the final value of NBS was 0.58. In this particular simulation run, a situation emerged in which there where several regions in the network in which actors held the same state on S i but who sociological science | www.sociologicalscience.com differed in this state from the actors in adjacent regions. In some regions, the belief S i = A had emerged and had become locally consensual. Yet in other regions, the belief S i = B had emerged and become consensual. Occasionally, there were actors who were connected to members of different regions and whose experiences were not sufficiently consistent to induce a status belief (S i = O). Generally, in both conditions, the resulting equilibria were reached comparatively quickly, as indicated by average TTC values of 3.70 and 2.88 for the conditions without and with network clustering, respectively. Taken together, our results largely support our main argument. If actors exhibit belief inertia, diversity in status beliefs can emerge and persist but only when interactions between actors are constrained by social network structures. This is most likely when the network structure is clustered, but, unexpectedly, some level of diversity in status beliefs can emerge and persist even when networks are not clustered. The reason is that even when networks are not clustered, they constrain interaction possibilities. It can therefore happen that at least one subset of the population is in a stable configuration that supports belief S i = A, whereas other subsets of the population are in stable configurations that support belief S i = B (or vice versa).
Results of the Sensitivity Analysis
The results of our main simulation experiment support our argument, but how much does the emergence and persistence of diversity in status beliefs depend on the likelihood that hierarchies emerge spontaneously (h), that agents adopt a status belief that appears consensual (a), or that agents lose beliefs that do not appear consensual anymore (l)? To answer this question, we focused on the version of the model in which interaction networks were clustered and in which belief inertia was possible (sixth row of Table 2 ), and we varied h, a, and l each in three steps (0.25, 0.5, and 0.75). We conducted 50 independent simulation runs for each of the 27 possible parameter combinations. Figure 3 shows the average values of LS and NBS that we obtained for each combination (the average value of CD was 0 in all conditions). The figure suggests that the exact values of the three parameters did not affect our conclusion substantially; also, the average time to convergence (TTC = 3.40 across all runs in this part of the sensitivity analysis) did not vary Results of a sensitivity analysis that focused on how much the parameters h, a, and l affect simulation outcomes when clustered networks and belief inertia are considered.
much across the different parameter combinations, with a minimum of TTC = 2.56 for h = 0.5, a = 0.5, and l = 0.75, and a maximum of TTC = 4.48 for h = 0.75, a = 0.25, and l = 0.25. That is, even though there was some small variation in the exact values of LS and NBS that we obtained and in the time it took the simulation runs to reach a stable equilibrium, it was the case in all conditions that diversity in status beliefs emerged and persisted and that differences in beliefs between actors were associated with differences in their position in the network structure. Next, we assessed how much our results depended on the precise level of consensus that was needed for belief acquisition and maintenance. In our main experiments, we assumed that belief inertia was possible when a given belief (S i = A or S i = B) was supported by the majority of a given actor's experiences (i.e., accounted for more than 50 percent of all experiences in his or her memory M i ). In a third set of simulation runs, we increased this threshold to 70 percent and 90 percent and again conducted 50 independent simulation runs per condition. In these runs, we assumed that h = a = l = 0.5, and we assumed that the interaction networks among the actors were clustered (similar to the sixth row of Table 2 ). Table 3 shows the results of this set of simulation runs. It suggests that increasing the threshold from >50 percent to >70 percent or >90 percent led to an increase in the diversity in status beliefs among the actors, as evidenced by the fact that the average values of LS decreased. At the same time, the correlation between the network structure and similarity in status beliefs among the actors decreased, as evidenced by a decrease in the average value of NBS. To illustrate what this decrease means, Figure 4 shows the results of a run in which more than 90 percent of actors' experiences needed to support a given belief and in which the final NBS value was close to 0.34. In 66 (564.88) this particular simulation run, there was some diversity in status beliefs, and this diversity was associated with actors' positions in the network, but this association was weaker than in the example shown in Figure 2 . There were also more actors who did not hold any status belief. This illustrates than when belief acquisition and maintenance required very high levels of local consensus, status beliefs were generally less likely to emerge. Still, when beliefs emerged, they were likely to be clustered in the network so that actors who maintained ties to a similar set of other actors were more likely to acquire the same belief. Generally, when the threshold increased, the average time it took runs to reach a stable equilibrium also increased (from TTC = 2.78 for a threshold of >50 percent to TTC = 343.66 for a threshold of >90 percent). 7 The reason is that for agents who are located at the intersection between two communities whose members have developed different status beliefs, it is easier to obtain a situation in which, say, slightly more than 50 percent of their neighbors hold the same belief (which makes them resistant to belief change) than it is to obtain a situation in which more than 90 percent of their neighbors hold the same belief.
Discussion and Conclusion
In this article, we have proposed an extension of the formal elaboration of status construction theory (SCT) developed by Mark et al. (2009) . Whereas their earlier modelling work suggests that the processes that SCT describes have a strong tendency to generate a population-wide consensus in status beliefs, the results of our simulation experiments point to new implications of formalizing SCT. Our results show that different status beliefs can emerge and persist next to each other. We show how this depends on the combination of a macrostructural property of the network of interaction possibilities between population members and an extension of the microprocess of belief acquisition and belief loss. Diversity of beliefs can emerge and persist under SCT dynamics when actors exhibit belief inertia and when the face-to-face interactions that can generate status beliefs are constrained by social network structures. Persistent diversity in status beliefs is most likely when network structures are clustered, but it can even occur when there is no clustering.
The model by Mark et al. (2009) was designed to explain the emergence of status beliefs with a minimal set of assumptions based on SCT. We have changed this model as little as possible to assess the logical consistency of our argument. Thus, our extended model abstracts from other factors that might also affect the emergence and diffusion of status beliefs in real life. Future research that integrates such aspects into the model might produce intriguing new insights.
One important factor that the model excludes is resource and power differences between members of the different social categories. Such differences often exist in real life and can vary geographically. Status construction theory explicitly allows for the inclusion of resource differences between members of different social groups. In an early formulation of the theory, Ridgeway (1991) stressed that salient differences in resources and power between individuals are often used as cues for inferring differences in social worth and competence (see also Ridgeway et al. 1998; Ridgeway and Balkwell 1997; Webster and Hysom 1998) . What implications could this have in the light of our analysis? Imagine a population with network clustering and imagine that in some geographic regions, the members of one category are slightly resource advantaged, whereas the opposite association exists in other regions. The behavioral processes that our model describes are likely to reinforce and amplify biases in status beliefs induced by these initially small differences. The regions might therefore end up with large differences in status beliefs.
Furthermore, resource and power differences not only lead to status beliefs. Status beliefs can also lead to resource and power differences (Ridgeway 1991) because status-advantaged individuals often receive more resources from others and more easily attain positions of power (cf. Merton 1968) . In the light of our model, this reversed causality has important implications for current research practice. Some earlier studies interested in explaining why the status values of some social distinctions sometimes differ across geographic regions have typically started with identifying regional variation in factors that, historically, might have led to regional variation in power and resources between social categories (e.g., Balkwell and Balswick 1981; Ishii-Kuntz and Lee 1987) . Our model suggests the theoretical possibility that regional variation in the distribution of power and resources can also be preceded by regional variation in status beliefs when interactions between people mostly occur among those who live in close spatial proximity to each other. Future research might benefit from taking this possibility into account.
A second important factor that the model does not address explicitly is that social networks often cluster not only in physical space but also in social space. Although both spatial and social processes can generate very similar forms of clustering in networks, more complex structural properties may arise when spatial and social dynamics operate in tandem. For example, if people who are similar to each other in social characteristics that have meaning to them (e.g., age, sex, etc.) are more likely to interact with each other than people who are more dissimilar in such characteristics (e.g., McPherson et al. 2001) , this may generate a second dimension of network clustering that can strengthen or weaken the effects of spatial clustering. Other social processes may even run against the formation of clustered structures-for example, when certain people consciously choose not to interact with some other members of the population because they are in direct competition for some valuable objects, such as popularity (cf. Pál et al. 2016) . Future research could incorporate such additional drivers of network clustering and explore how this affects the relation between network clustering and diversity of status beliefs.
Finally, in line with the model proposed by Mark et al. (2009) , and also in line with other research in SCT, we focused on indirect social influence processes that derive from interactional experiences between members of different social categories. Another important source of social influence might be the direct communication of status beliefs between members of the same social categories. For example, men might communicate to other men what they believe about what women are worth and capable of. Future research might incorporate this source of status beliefs into our model and connect models of the formation of status beliefs to the broad literature on formally modelling social influence dynamics. Drawing on research on homophily and confirmation bias (Nickerson 1998) , models of "similarity-biased social influence" (Flache et al. 2017 ) assume that influence is both stronger and more likely to occur between actors with similar characteristics (e.g., Axelrod 1997; Flache and Macy 2011a; Mark 1998 Mark , 2003 . This work suggests that adding social influence between actors of the same categories can be expected to strengthen tendencies towards local clustering of status beliefs. At the same time, given the lack of research into how individuals integrate information derived from interactional experience and direct communication in the process of the formation of status beliefs, much theoretical groundwork is still needed to clarify how exactly the complex dynamics of social influence and status belief formation interact at the microlevel, leaving room for new and unexpected theoretical results.
Despite the need for future research, the results that we have presented here have important implications for the explanatory scope of status construction theory. Our analysis suggests that if we assume that people consider multiple past experiences in the belief formation process, and if the interactions that can lead to such experiences occur in social network structures, the mechanisms that SCT describes may not only produce population-wide consensus but also diversity in status beliefs.
Notes
1 The parameter h was denoted e in Mark et al. (2009) . We have opted for h to avoid that e might be confused with the base of the natural logarithm.
2 Watts and Strogatz (1998) proposed a global clustering coefficient (GCC) that indicates how clustered the ties in a given network are, by assessing how cliquish the connections are that actors maintain. GCC is calculated by first determining for each actor the share of the possible ties among his or her direct network neighbors that are actually realized (the share is 0 when none of actor i's direct network neighbors share a tie with each other and 1 when all of them share ties with each other). These shares are then averaged across all actors. As we illustrate in the online supplement, for k = 5 and y = 8 the value of GCC was typically about 0.35 in our simulations, which has been considered high in the literature (cf. Wong et al. 2006) . We also propose in the online supplement a generalization of this clustering coefficient to the (bipartite) subnetwork consisting of only the links between agents who belong to different categories. Only these links are consequential for belief formation in our model. The clustering coefficient of Watts and Strogatz (1998) is not applicable for this subnetwork, but as we show, results for the relation between spatial clustering (y) and network clustering also apply to our generalized measure of clustering for the bipartite subnetwork.
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3 To be precise, if the initial distribution is exactly 50 percent S i = A and 50 percent S i = B, the expected long-run behavior is that nothing changes. However, as Mark et al. (2009) point out, this is an instable equilibrium from which the dynamics would inevitably move into one of the two possible consensus states if the slightest random deviation from the initial state were to occur.
4 Note that for computational efficiency, in the actual simulation experiments the model only simulates interactions between actors who differ from each other in N i given that interactions between actors who belong to the same category have no effect on belief formation.
5 Note that because in the actual simulation experiments the model only simulates interactions between actors to differ from each other in N i , TTC refers only to such interactions.
6 Note that this average value was strongly affected by a small number of runs that took very long to reach a stable equilibrium. We therefore also inspected the median time until a stable equilibrium had been reached. The median for this this condition was 81.5, whereas in the other conditions the median values ranged from 1 to 7, closely tracing the order of the average values. Hence, this measure also indicates that in this condition, it took the runs considerably longer to reach a stable equilibrium than in the other conditions. 7 In the condition in which >90 percent consensus was needed, the average value of TTC was affected by a small number of runs that required an exceptionally long time to reach a stable equilibrium. Yet when the median was considered, the time it took the simulation runs to converge in this condition was also much longer (with a median of 169 cycles) than for the other conditions (with median values of 3 for >50 percent consensus and 5 for >70 percent consensus).
